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We propose a control architecture for distributed coordination of a
collection of on/off TCLs (thermostatically controlled loads), such
as residential air conditioners, to provide the same service to the
power grid as a large battery. This involves a collection of loads to
coordinate their on/off decisions so that the aggregate power con-
sumption profile tracks a grid-supplied reference. A key constraint
is to maintain each consumer’s quality of service (QoS). Recent
works have proposed randomization at the loads. Thermostats at
the loads are replaced by a randomized controller, and the grid
broadcasts a scalar to all loads, which tunes the probability of turn-
ing on or off at each load depending on its state. In this paper we
propose a modification of a previous design by Meyn and Busic.
The previous design by Meyn and Busi¢ ensures that the indoor
temperature remains within a pre-specified bound, but other QoS
metrics, especially the frequency of turning on and off was not lim-
ited. The controller we propose can be tuned to reduce the cycling
rate of a TCL to any desired degree. The proposed design is com-
pared against the design by Meyn and Busi¢ and another well cited
design in the literature on control of TCL populations, by Mathieu
et al. We show through simulations that the proposed controller
is able to reduce the cycling of individual ACs compared to the
previous designs with little loss in tracking of the grid-supplied
reference signal.
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1 INTRODUCTION

Reliable operation of the power grid requires balancing demand
and supply of power at all time scales. The time variation and
unpredictability of renewable energy sources such as solar and
wind make it challenging. Apart from expensive batteries, a com-
plementary and inexpensive possibility is to harness the inherent
flexibility in demand of many types of loads. Loads have been used
for Demand Response (DR) for a long time, which is traditionally
meant as a temporary reduction in demand to help the grid. It is
recognized now that loads can supply a range of services to the
grid beyond DR [1, 14]. With appropriate control, loads can vary
their demand up and down around a baseline so that the deviation
from the baseline appears like the charging and discharging of a
battery to the grid. We call this Virtual Energy Storage (VES) from
smart loads. A key constraint in using loads to provide any kind
of grid-support service is that consumer’s quality of service (QoS)
must not be compromised.

The topic of this paper is design of the control architecture for
a collection of thermostatically controlled loads (TCLs) to provide
VES while maintaining strict bounds on the consumers’ QoS. TCLs
include residential air conditioners (ACs), water heaters, refrigera-
tors etc. We focus on residential ACs that are on/off type; meaning
their power consumption can only take two values: zero and a
positive constant. For ACs, there are at least two primary measures
of consumer’s QoS: indoor temperature and cycling frequency. Cy-
cling frequency refers to the number of times a load turns on and off
in a given period. Short-cycling, which refers to frequent turning
on and off, is to be avoided since that can damage equipment.

The problem is challenging on many counts. First is computa-
tional complexity. A thousand on/off loads means at any instant
there are 210’ possible decisions. Due to QoS constraints that make
current decisions dependent on the past, the decision space is even
bigger. Second, since loads are distributed geographically over a
large area and QoS constraints are local, the control architecture
must be non-centralized. However, loads’ actions must be coordi-
nated so that together they deliver the service that the balancing
authority (BA) asks for.

There is a large and growing literature on coordination of col-
lections of TCLs. Several distinct heuristics have been developed to
address computational complexity. One control approach is for the
BA to broadcast a common thermostat set point change [2, 5, 10, 18].
The control signal is decided based on a model with set point change
as input and aggregate power consumption as output. A limita-
tion of this approach is that the control relies on extremely small
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Figure 1: (Top): High level architectural diagram of information requirements: { is a scalar broadcast to all loads. (Bot-

tom): Control architecture.

set point change command, as little as 0.0025 °C. Most residential
thermostats have a setpoint resolution of 0.5 °C or more, and the
deadband of a thermostat is also much wider than 0.0025 °C. Large
transient oscillations due to synchronization of loads is another
limitation [2]. The work [18] offered a partial amelioration of the
resolution issue by dividing the loads into clusters and sending
distinct, but coarse set point changes, to every cluster.

Another widely used approach is based on first modeling the dis-
tribution of temperatures of the population as a finite-state Markov
chain model by dividing temperature into bins; see [13, 16, 20]
and references therein. The population density model is developed
assuming that the local control algorithm that operates the load
remains in place. We refer to this local controller as the “thermostat
controller". The thermostat controller ensures that the indoor tem-
perature remains within a deadband. Control by the BA therefore
involves computing quantities such as the fraction of loads that
should turn on or off. Converting that global command to indi-
vidual on/off decisions to ensure that the collection of TCLs track
a desired total power consumption reference, while at the same
time satisfying each loads’ local QoS constraints, is a challenging
problem. Although various heuristics are developed to this end
(see e.g.,[16, 20]), these challenges are not addressed in a principled
manner.

The control architecture we adopt in this paper is taken from a
recent series of papers [3, 4, 7, 8, 17]. This architecture (Figure 1)
involves intelligence both at the BA (global) and the load (local).
The local intelligence at the load is a randomized controller that
is meant to replace the thermostat, but is designed so that the
resulting behavior - from the point of view of the consumer - is
indistinguishable from that of a thermostat. The controller at the

load has a tunable parameter { that determines the degree of ran-
domness in this decision making. Higher { (positive) increases the
probability of turning on while lower { (negative) increases the
probability of turning off. For { = 0 operation is similar to thermo-
stat control. The controller at the BA computes { and broadcasts
to every load. Randomization at the loads helps avoid synchroniza-
tion, and simplifies the control computation at the BA. The latter is
crucial: randomization enables approximating the complex high-
dimensional non-linear dynamics of the collection by a low-order
input-output system with { being the input signal and total power
consumption of the collection as the output. The BA can therefore
use a simple dynamic compensator to compute the control com-
mand { based on measurement of total power consumption of the
TCLs.

The contribution of this paper is a novel design of the local ran-
domized controller. The local randomized control at the loads used
here is inspired from [4, 7]. The key innovation over [4, 7] is that
while the controllers in those references only ensured one QoS
metric, namely, indoor temperature of an AC, the controller pro-
posed here ensures that in addition, the cycling QoS metric is also
maintained. In particular, the local randomized controller proposed
here ensures that the number of cycles (on/off transitions) that an
AC undergoes in a given time interval does not vary much from
its baseline behavior (no interference from the BA). The proposed
local controller is called CARC (Cycling Aware Randomized Con-
trol). The control command at the BA, {, is computed by using a PI
(proportional-integral) control scheme.

We provide simulation evaluations of the proposed controller
with that in [4, 7] and that in [16]. Simulations show that the pro-
posed controller is able to improve the cycling QoS over both of
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these competing designs, with little or no loss in performance in
tracking the BA supplied reference.

2 PROBLEM FORMULATION: NEEDS OF THE
GRID

The BA needs resources to provide the net load, Jk, (where k denotes
the discrete time index) which is the difference between the baseline
demand and renewable generation. The baseline demand is the
demand when the loads are not providing any grid-support service,
i.e, there is no interference from the grid on power demand of the
loads.

The slowly-varying component of the net load is ideally provided
by conventional generators that have limited ramping ability. This
component, denoted by dl‘P can be obtained by low-pass filtering

the net-load. The remainder is denoted by JIk{P = Jk - JI];P. This
"high-pass" component is zero-mean, and can be provided by VES
and actual energy storage. A variant of this methodology is used
by many BAs today; the JI]:IP is provided by fast moving generators,
flywheels, and batteries.

In BPA (Bonneville Power Administration), a BA in the pacific
northwest with a high share of wind penetration, the balancing
reserve is close to the signal JII;IP . An example of BPA’s balancing
reserve signal is shown in Figure 2. The data is obtained from
http://tinyurl.com/ybslgh8w.
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Figure 2: Illustration of storage requirement JIk{P (BPA’s bal-
ancing reserve). The reference ry. is obtained by filtering the
balancing reserve signal.

Loads providing VES can be characterized by the frequency of
demand variation they can tolerate without violating QoS con-
straints [9, 11, 12, 17]. Therefore, an appropriate reference signal
for the collection of ACs to track, denoted by P’ef(z), can be ob-
tained by bandpass filtering the signal Pref(z) = Fep(z)d™ (2),
where Fpp(z) is a bandpass filter, I3ref(z) is the reference signal
measured in Watt (or kW, MW, GW etc.), and z is the z-transform
variable. The passband of Fpp(z) must be chosen according to the
ability of the aggregate. To determine the appropriate passband, the
BA needs knowledge of the frequency response of the collection of
loads. We describe in Section 4.2.1 how frequency response of the
collection of ACs, can be identified, with { as input and total power
consumption deviation (from the baseline) as output. The passband
is then chosen to be range of frequencies in which the aggregate
model has high gain and small phase lag. An example of a filtered
signal, P"¢f (z), with passband appropriate for a collection of AC’s
is shown in Figure 2.
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Let the power consumption of the collection of loads be denoted
by P, and PZ be the value of Py in the baseline scenario (no inter-
ference from the BA). The deviation of the total power consumption
of all the loads is Py, := Py — Pz. The control problem for the BA is a

tracking problem: Py should track the reference f’]:ef . Furthermore,
the BA should only provide a reference that the loads can track.

The frequency content of the reference signal el s only a nec-
essary condition for successful operation. The collection of loads
additionally have power and energy constraints, like a battery, that
need to be respected. Reference signals that exceed the value of
power consumption when all loads are on (power constraint), or
require to fast a consumption rate (energy constraint) will result in
poor tracking or violation of individual ACs QoS.

3 LOCAL CONTROL AT THE AC’S, AND
AGGREGATE BEHAVIOR

3.1 Dynamic model of indoor temperature

Consider an AC with pd being the rated electrical power con-
sumption. A simple model of the indoor temperature 0 is, 6(t) =
—%9 + %qoqac(t) + w(t). where w(t) := %Qa(t) + %qint(t) isa
time varying disturbance with 6, the ambient temperature and g,
the internal cooling load, R is the resistance to heat flow offered
by the building structure and C is the thermal capacitance of the
building. The term gjnt captures both occupant induced heat gain
and solar heat gain. The g (t) is the heat injected into the building
by the AC. The control signal u(t) is binary: it can be either 1 (on)
or 0 (off). Denoting by g := COPp™t¢d the rated thermal power
consumption of the AC, COP being its coefficient of performance,
qac(t) = —qo if u(t) = 1 and qq4c(t) = 0 if u(t) = 0. We now have
the binary discrete control signal ug: 1 when on and 0 when off.
The power consumption of the AC (in kW) is pratedy .

3.2 Deterministic control (Thermostat)

The control logic in a thermostat that operates a residential AC is
usually based on a deadband (§) around a user-specified set point
(Oser)- The AC is turned on if the measured indoor temperature
exceeds the upper limit Omax = Oser + § and turned off if the
temperature drops below the lower limit 0,j, = Oser — 6. When
0(t) is between iy and Omax, the previous decision (on or off) is
maintained. This control strategy is deterministic: the on/off status
of the AC at k + 1 is a function of the temperature and on/off status

at ki upyy = g (O, ug ).

3.3 Randomized control basics

In randomized control [4, 7], the mapping u(0, ug) — uj,q is no
longer deterministic; it takes the two possible values (0 and 1) with
certain probabilities. First define a state space for the AC. Every
element x of the state space X is a pair, x = (u, §), where u € {0, 1}
is the “mode” (either on or off) and 6 € R is the temperature of the
house. For a state x € X, we denote by x* the mode and x? the
temperature 0. In the sequel, we use @ and & interchangeably with
1 and 0, respectively, as it is more intuitive for on and off.

A randomized controller is a rule to determine the probabilities
of x}!, | being 0 or 1 given the knowledge up to the current time,
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Figure 3: Switching probabilities as a function of an arbitrar-
ily chosen indoor temperature trajectory (bottom), for the
baseline case { = 0.
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Figure 4: Comparison of thermostat control and baseline
randomized control with { = 0. The indoor temperature oc-
casionally exceeds the deadband, which occurs due to ther-
mal inertia of the air and the delay caused by discrete time
control.

k. The controller is therefore completely specified by a Markov
operator R;. The quantity Ry (x,y") is the probability of the mode
being y* at the next instant k + 1 given the state is x at the current
time k. The Markov operator is parameterized by a real number
. Designing a controller is equivalent to designing the operator
Ry(x,y) forallx,y € Xandall { € R.

The evolution of the temperature is governed by the dynamic
system described in section 3.1. We can represent it as another
Markov operator Q,,(x, ye): the probability of the temperature
being y9 at the next instant k + 1 given the state is x at the current
time k. Since temperature evolution is a deterministic dynamic
system, the transition probabilities Qs (x, y?) will be Dirac-delta
functions. The next state will depend on the disturbance w, hence
the operator Q,, (x, y9 ) is parameterized by the disturbance w.
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Figure 5: Empirical probabilities comparing our proposed
nominal design against the deterministic thermostat con-
troller.

Combining the effect of the control and the disturbance, we get
the total probability of transitioning from state x to y over one time
period, which is denoted by Py ., (x,y):

Py w(®.y) = Re(x.y")Qu(xy”). x.y.€X ()

The model (1) is an extension of the finite-state Markov model
of a TCL in [4]; here the state space X is infinite [3].

The controller Ry (x,y") has to be designed in such a way that
the following properties are satisfied. One, the operator Ro(x, y*)
in the baseline case { = 0 (corresponding to no interference from
the grid) mimics the behavior of the deterministic control. Meaning,
it has to turn the AC on if indoor temperature exceeds Omax and off
if the indoor temperature falls below Oy, and avoid short cycling.
Two, if { is positive, the probability of turning on should increase
and if { is negative, probability of turning off should increase. In
effect, the variable { can be used by the BA as the control signal to
manipulate the power consumption of an AC.

Simulation results showing both of these requirements are pre-
sented in Figure 3-4 for a single AC and in Figure 5 for a collection
of ACs. Parameters of the detailed simulation are described later.
The baseline scenario is seemingly identical to the thermostat con-
troller, except that it causes a AC to occasionally switch on or off
more than the thermostat (Figure 5 Top).

3.4 Randomized control of MB-RC

To construct the baseline control law, Ry (x, y*), two switching prob-
ability functions need to be defined. To construct these functions,
first consider the two random variables:

0*: the temperature above which the A/C turns on (after having
started in the off state, or since the last off state)

0~ : the temperature below which the A/C turns off (after having
started in the on state, or since the last on state).
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Consider the usual heating scenario, when the AC has been off
and temperature is increasing. Then, at time k, the probability of
switching on is

p®(k) =P = 11X, =0.X¢ ,=0,...)
P(G* < 6k|0+ > 0r_1)
_ P(Or_1 < ot < Or)
T POt > 0ky)
_ F®0k) = F®(0k-)
1-F®(0k-1)
Additionally for a cooling scenario, when the AC has been on

and the temperature is decreasing. Then, at time k, the probability
of switching off is

pek) =P(X =01X¢ = 1LX¢ ,=1,...)
P(O™ = 0r107 < 6r_1)
PO <07 <0r_y)
G
_ F®(Or—1) — F°(6k)
- F®(6-1)
where F®/F® is the CDF of the r.v. */0~. Notice that in both
scenarios we have assumed (third line) that temperature has been
increasing while off (decreasing while on), so that 0;._; < 0 (6 <

Ox—1). To ensure positivity of probabilities under all scenarios, e.g.,
if temperature decreases (increases) when AC is off (on), we use

[F®(0k) — F®(Ok-1)]+

P = 1-F®(0r_1)
o [FO(Ok_1) — FC(0i)]+
p-(k) = Fo Gy ()

where [x]+ = max(x,0). The two CDF’s appearing in (2) are
additional design choices and are taken from [4] as,
F®(2) = exp(—(0max — 2)°/(207))
F®(2) = 1= F®(Omax + Omin — 2) ®3)
where p and o are design parameters. In this paper we use p = 0.75
and o = 0.02.

With the previous developments the baseline (nominal) control
law, Ry (x, y*), can be stated explicitly as:

Ro(x, 1) = P(X} = 11X = x)

_ {p@(xe), xi=6

1-p°(f), = @

5]

R (x,0) = P(X} = 0[X;_; =

_[po@f). xt =
T 1-p®9), x4 =0

=
~—

52

®)

With abuse of notation (state augmentation is required to illustrate
the 15?7 order Markov property) the control law (when { # 0),
proposed in [4, 7], is the myopic policy:

Ry (x,y") = Ro(x, y*) exp({U(y") — A¢ () (6)
where U(-) is the utility function:
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1 x*=@
Ux) =U(x") = 7
() = U() {0 e )
and A (x) is the normalization constant to make the probabilities
sum to 1.

This translates to switching probability functions for { # 0:

_ p®(k) exp()
PE 0 = Ay )
pg (k)
P?(k) = m ®)

The developments of this section are referred to as the Meyn &
Busi¢ - Randomized Control (MB-RC) [4, 7]. Notice that the con-
troller uses info from the past two time instances, so to represent it
as a Markov operator we need to augment the state. We avoid doing
so here to prevent the notation from becoming too cumbersome.

3.5 Proposed local controller: CARC

In this paper we propose a change to the local randomized con-
troller (6) to ensure that the AC unit does not cycle excessively.
We coin this new design as the Cycling Aware Randomized Con-
trol (CARC) Algorithm. To describe the CARC algorithm, we first

introduce a function f(.) : {x* }’]:_T_l — R, which is defined as:

T
FUxyk )= exp<—a2 e - x,i’l;m) 9)
t=0

for k > 7, where 7 is a horizon window and « is a decay rate. Both
7 and a are design variables. This function, f(.), multiplicatively
effects { leading to the CARC randomized local control law:

Ry (x,3") = Ro(x, y*) exp({ f(x“}F_,_DU@") = Az (x)), (10)

where Ry (x,y*) and U(y¥) are the same as defined previously for
the MB-RC algorithm, and 1_\gv(x) is a normalizing constant.

Both CARC and MB-RC share the same nominal design (when
{ = 0). The CARC algorithm effectively reduces the magnitude of
{ locally if it detects that the AC has already cycled quite a few
times, and thus avoids excessive cycling. This is achieved through
the design of the decaying exponential in (9). If an AC unit begins
to cycle excessively, the summand in (9) will be large and in turn
f(.) will be small, and so the product f(-)¢ will be small as well.
This causes the unit to behave close to nominal operation; as if the
{ broadcast by the BA were 0. If the AC has not cycled many times
within 7 then the summand in (9) will be zero, f(-) will be one, and
the scaling will have no effect.

The success of the CARC algorithm in ensuring that cycling
frequency does not increase much more than what the thermo-
stat controller would do without any interference from the grid
is an appropriate nominal (baseline) design. The baseline random-
ized controller (when ¢ = 0) in our design behaves similarly to a
thermostat (see Figures 3- 5) in Section 3.3).

To execute the proposed control algorithm at an AC, it needs to be
able to receive the broadcast {}. from the BA. It also needs its on/off
state and the indoor temperature, which are local measurements. No
other information is needed. The computations involved are quite
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simple and can be performed with the help of a random number
generator and a look up table of the switching probabilities.

3.6 Aggregate behavior of N ACs with local
randomized control

Let . be the pdf (defined over the state space X) of the state of
an AC when it operates according to the randomized control law
described in Section 3.4 or Section 3.5. The pdf (left) and the relevant
output, the probability, at time k, of the state being in the “on” mode,
(right) evolve according to

Hie1 = McPyve v = Plx) = @) = f@,ukdx, (11)
R

As a system with inputs ¢, w and output y, (11) is an infinite
dimensional dynamic system that is linear in the state but nonlinear
in the inputs. To make the connection between the individual and
the aggregate, consider N homogeneous loads operating under the
same randomized policy and subject to the same inputs ({,wi).
Define the fraction of loads that are on at k:

N
1 .
g = 2 UE) (12)
i=1

We assume a mean-filed limit holds (proven for a similar setting
n [17]). That is, if N homogeneous loads are subjected to the same
inputs { and w, as N — oo the fraction of loads that are on at time
k approaches the probability of a single load being on at k:

L (N) _
Ay = v (13)

In the sequel, for simplicity we drop the superscript N from all quan-
tities that contain an average over N.

4 DECISION MAKING AT THE BA

The control problem faced by the BA was discussed in Section 2.
We now pose the problem more precisely and connect it to the
aggregate behavior described above.

4.1 The tracking problem

When . = 0 and w; = w, then y; reaches a constant steady state
value as k — oo, which we denote by y*(w). In other words, y*(w)
is the fraction of the loads that are on at steady state for a constant
disturbance w under baseline randomized control. We now define
the deviation signal y§ := yr — y* (wg).

When the system is operating in baseline conditions, i.e., {; = 0,
but with a time-varying disturbance, then y; = y*(wy) at every k
if the response of the aggregate to the disturbance is instantaneous.
Assuming such a speedy response, we have y;. = 0 for baseline
operation. When {; = { > 0 then j; converges to a positive
value that is larger for larger . This follows from the design of the
controlled transition probability operator Ry that was described in
Section 3.3. Similarly, if { = { < 0 then j; converges to a negative
value that is smaller for smaller .

Recall yy defined in (12); the empirical counterpart to y;. We
similarly define the empirical counterparts to y*(w) and ji, and
call them y*(w) and gj. Therefore,

U= Yk — Y- (14)
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Assuming the mean field limit holds, y*(w) — y*(w) and § — Jx
as N — co.

Recall the tracking objective from Section 2: the power consump-
tion deviation of the collection Py should track an exogenous refer-

ence signal p}zef‘ When the loads are homogeneous, Py, = Py, -P; =
Nprated (g, — yp) = Npratedg,  The problem is then equivalent to

Ui tracking the normalized reference ry := szef. Because of

the mean field limit, §j tracking ry is (approximately) equivalent
to yx tracking ry. For the BA, the control design problem can be
posed in terms of a single load: choose the control command {; so
that the deviation probability yj of a load tracks the normalized
reference ry.

4.2 Computing ry, the reference for the
collection

4.2.1 Frequency response of a collection of ACs. In order to ob-
tain the passband for the bandpass filter described in Section 2,
the frequency response of the collection of AC’s with {j as the
input and g as the output, Ggg(ej ), needs to be computed. This
frequency response represents the linear approximation to the non-
linear mean field model around an equilibrium point, and because
of the mean field limit the approximation will predict the change
in the fraction of ACs on, §ji, over baseline, yz, due to .

In order to estimate the frequency response, the collection of
AC’s is simulated with a constant disturbance, w*, and a zero mean {.
This corresponds to estimating a model about the equilibrium point
(¢ = 0,w = w*). The corresponding normalized power deviation,
., is recorded and used along with the elected inputs to compute
the Empirical transfer function estimate (ETFE). The ETFE can be
used to fit a discrete time transfer function. The results of this
estimation procedure, for loads with the CARC algorithm and with
MB-RC, are shown in Figure 8. It can be observed that the frequency
response of the aggregate is not effected by the introduction of the
local QoS constraint.

4.2.2 Computing the Baseline power PZ. Recall, the tracking
objective for VES is for a collection of AC’s to track an exogenous

reference signal (f’lzef )
line consumption (P} ). Baseline consumption represents the power
consumption that would have occurred under no VES. In order to
compute the baseline power consumption, the collection of AC’s
are simulated, each equipped with the local randomized controller,
with { = 0 Yk, and the exogenous disturbance trajectory, which
can be obtained from weather forecasts. This requires a prediction
of the disturbance for the desired time horizon. We assume the
ability to predict the disturbance accurately 1 day ahead, which
is reasonable as some studies have done predictions months in
advanced [19], and BA’s frequently use such demand forecasts.
The baseline consumption for the control experiments is shown in
Figure 6.

that represents power deviation from base-

4.2.3 Computing the Capacity cj.. Under time varying weather
conditions, the magnitude of trackable references is also time vary-
ing. This is illustrated in Figure 6, observe at 6 AM only 20% of the
AC units are on. Clearly it is impossible to turn off more than 20%
additional units, and any reference that has a value in excess of
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Figure 6: Baseline power consumption of the collection of
10000 AC’s for the simulation scenarios.

1/2

014 ]

0 0.25 0.5 0.75 1
y

Figure 7: Capacity c; as a function of normalized baseline
power consumption, y*.

+0.20 at 6 AM cannot be tracked no matter the control complexity.
This is largely dependent on the disturbance w(t), which is depen-
dent on the time varying ambient temperature 0,(t). In order to
ensure that percentage quantities greater in magnitude than base-
line consumption are not requested, a capacity ¢, (y*), as a function
of the baseline, is computed and used to scale the reference ry [8].
The capacity function we use is illustrated in Figure 7.

4.3 Computing the control signal {

We propose to use a PI controller at the BA level to compute the
control signal {}. Model Predictive Control (MPC) has been used
to compute the control signal {} in [8]. However, it was found that
this level of sophistication may not be necessary as the aggregate
power behaves linearly (Figure 8). In this work, at time k the BA
computes the control signal {3 using:

k
42 =Kp(ckrk—gk)+K[ZCiri—gi (15)
i=0
Where K, and K7 are the proportional and integral gains for the PI
controller, respectively.

The normalized baseline power consumption, yz, reference sig-
nal, ry., and capacity, ¢y, are computed with the methods described
in Sections 2, 4.2.2, and 4.2.3, respectively. We assume that the BA
has knowledge of the approximate distribution of parameters of
the ACs, and a forecast of the weather for the next 24 hours, so
all these signals are computable at the BA by using the methods
described previously. To compute the control command {j. by using
(15), the BA also needs the feedback signal 7j, which can be obtained
if it knows the total power consumption of the aggregate and the
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Figure 8: Bode plot of the finite dimensional LTI system that
approximates the aggregate model. ETFE CARC/Fit CARC:
ETFE and TF Fit of the simulation with CARC algorithm.
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with MB-RC.
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Figure 9: Top: Locations of weather stations (red dots), Bot-
tom: Temperatures seen by five weather stations and tem-
perature prediction used by the BA.

baseline power. In this paper we assume that each AC sends back
its on/off state at every sampling period (5 minutes) to the BA. The
measurement of the total power consumption is thus known to the
BA.

5 PERFORMANCE EVALUATION

5.1 Simulation set up

To evaluate the performance of the proposed method, we compare
the QoS results of the new proposed local controller (CARC) with
those of [16] and Meyn & Busi¢ - Randomized Control(MB-RC). We
denote the control architecture proposed in [16] as Mathieu Koch
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Calloway - Probabilistic Switching (MKC-PS), where in Section 5.2
further details on this method will be provided. The QoS metrics we
are interested in are of two types: (i) Local QoS constraints of the
individual AC and (ii) Global QoS of the Balancing Authority. The
two local QoS measures of interest are indoor temperature and AC
cycling frequency. At the BA-level we are interested in tracking of
the total power deviation to that of an exogenous reference signal,
so the QoS metric is tracking error.

The BA performs all the necessary calculations, including the off-
line system identification, with heterogeneous AC parameters (Ta-
ble 1), but assuming that each AC is subjected to the same weather.
This is done to test robustness to uncertainties, since during closed-
loop operation each AC is subjected to a different disturbance value.
To illustrate the range of the individual disturbance values, 5 sample
paths for the ambient temperature are provided in Figure 9. The
parameters for the heterogeneous loads are described in Table 1 and
are taken within the bounds provided from Table 1 in [15]. These
parameters are used in all the closed-loop simulations. Additionally,
the parameters specific to the CARC algorithm are also given in
Table 1.

Table 1: Parameters

Classification Symbol Value Units
AC parameters
Resistance for load model R Ul[2,2.25]* | K/kW
Capacitance for load model C U[2,2.25] | kWh/K
Rated elec. power prated | Ul4.4,6.5] | kW
Coeft. of Perf. cor 2.5 NA
Temperature set point Oset Ul[21,23] | °C
Temperature deadband 1) Ul0.75,1] | °C
CARC Parameters
QoS Horizon T 9 samples
QoS Decay Rate a 2 N/A
Parameters for the BA
Proportional Gain Kp 27 N/A
Integral Gain K7 35 N/A
*Ula, b] is uniformly distributed between a and b.

Geographically, we imagine the BA is located in the state of
Florida in the southeastern United States, and its territory covers
almost the entire state; see Figure 9. The ambient temperature
prediction it uses in all of its calculations is shown as the thick
black line in Figure 9. This signal is obtained by averaging the
temperature measurements collected from ten weather stations
in Florida during two days in June 2017. The stations are shown
in Figure 9. The BA predicts the disturbance signal from weather
prediction by using the R, C values assumed and assuming that
the occupant-induced heat-gain gj,t is 0 at every load and every
instant. We also envision a future for Florida, which is called the
Sunshine State, in which it has a high penetration of solar. To mimic
such a scenario, the reference signal ry is chosen by filtering BPA’s
balancing reserves data as described in Section 2. A Butterworth
filter with passband [%, 1—15] (1/hour) was used. The choice of the
passband is informed by the identified model, since the LTI model
observed high gain in this region (see Figure 8).
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Figure 10: State Model for MKC-PS [16].

5.2 Comparison Scenario

The AC units in MB-RC implement the randomized controller de-
scribed in (6). At the BA level the PI controller described in (15)
is used with the gain values in Table 1, the same aggregate PI
controller used with the CARC algorithm.

In MKC-PS [16] each AC’s temperature is discretized and along
with the on/off state used to create Np;,, discrete classes. The state
for a single AC is illustrated in Figure 10. At the aggregate level, the
collection of ACs is modeled as a Np;,, X Np;, finite state Markov
chain, where the state is the fraction of ACs in each bin. An artificial
control input u € RNpbin/2 that represents the fraction of ACs that
should switch on/off state in a on/off bin pair, is introduced.

In order to control the aggregate power consumption, a look-
ahead controller is used at the BA level. This controller looks ahead
one time step to determine how many AC’s should switch mode
state, termed ug4;, in order to meet the desired power consump-
tion level. In order to convert this to the control input, u, ugoq;
needs to be distributed amongst the applicable bins. The authors
of [16] offer two methods for this, (Controller 1) uniform distribu-
tion: each bin receives an equal amount, (Controller 2) preferential
distribution: bins closer to the indoor temperature deadband receive
preference. Once uy,,) has been converted to u, the elements of
u are divided by the corresponding state estimate to convert u to
U], a ‘broadcast probability vector”. Upon receiving u,..; each AC
can use its current state to determine which element of this vector
to use as the probability of switching mode.

According to [16], the design of Controller 2 was to reduce AC
short cycling. However in simulations we observed that Controller
1 in fact performed better in terms of cycling. We therefore use
Controller 1 in our implementation for the simulation comparisons.
Additionally, we give full state knowledge to MKC-PS, so the process
of converting u to u,,; uses the true state (fraction of ACs in each
temperature bin) and not the estimated state as described in [16].
Due to the above, we believe the simulation scenario and results
presented for MKC-PS represent the best-case scenario.

5.3 Simulation Results

All results are for a closed loop system, where CARC and MB-RC
implement a PI controller (15) at the aggregate level and MKC-PS
uses the look-ahead controller, as described in [16]. For ease of
interpretation the tracking results are converted from fraction of
loads to MW. Figure 11 shows reference tracking for the CARC
(Top) algorithm (our proposed design), MB-RC (Middle), and MKC-
PS (Bottom). The results of the individuals cycling QoS are shown
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Figure 11: Tracking performance with reference r; and out-
put (power deviation), 10000 AC’s. Top: CARC, Middle: MB-
RC, Bottom: MKC-PS.

in Figures 12- 13 for all control scenarios. Additionally, applicable
metrics for reference tracking and QoS are provided in Table 2.

Table 2: Simulation Results

Metrics Controller

CARC | MKC-PS | MB-RC
tracking error (%) 4.4 3.6 4.1
Min Cycle Time (min.) 20 5 10
Max Device Switches 19 70 20

5.3.1 Global QoS: Reference Tracking Performance. The tracking
results for all of the comparison control scenarios are shown in
Figure 11. Numerically, the tracking results are tabulated in the first
row of Table 2. We compute the tracking error in percentage as:

@ 1002kN:f1 [(rke + Tx) = (W + G

track ~ N, _
N N + 30l
The three controllers perform similarly in regards to reference
tracking percentage error.

5.3.2  Consumer QoS. There are two key individual QoS signals:
indoor temperature and cycling of ACs. Recall that the temperature
QoS is preserved through design: the local randomized controller
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Figure 13: Empirical probabilities comparing CARC and
MKC-PS.

is designed to behave identically to the deterministic thermostat
controller when the temperature goes beyond the deadband.

To examine cycling QoS, defined in section 3.5 (CARC algorithm),
we count the times between successive switches for an AC unit.
The histogram of “time between switches for all AC’s is shown in
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Figures 12 -13 (bottom). To test if the CARC algorithm has reduced
short cycling, the minimum time between successive switches is
computed for each AC (Figures 12 -13 (middle) ). From these fig-
ures it is clear that the CARC Algorithm improves the minimum
cycling time over both MB-RC and MKC-PS. In row 2 of Table 2,
the minimum time between mode switches, searched over all ACs,
is displayed. It is found that the CARC algorithm quadruples the
minimum mode switching time when compared to MKC-PS and
doubles when compared to MB-RC.

In addition to short cycling, the total number of switches an AC
undergoes is investigated. The histogram illustrating total number
of switches, computed over all ACs, is shown in Figures 12 -13 (Top).
Between CARC and MB-RC the difference in the total number of
switches is negligible. Although the AC with the greatest number of
mode switches, under the CARC algorithm, switches once less than
MB-RC (Table 2). Recall, that these experiments are performed over
one day, so under similar daily conditions this would mean ~ 30
less switches per month and ~ 360 less switches a year. Comparing
against MKC-PS the CARC algorithm drastically decreases the
number of mode switches over all AC units.

6 CONCLUSION

Randomized control at the loads addresses many of the limitations
of previous approaches to distributed coordination of TCLs, in-
cluding issues of synchronization and computational complexity.
It enables the BA to manipulate aggregate power consumption of
a collection of ACs by broadcasting a single scalar to all ACs. The
local randomized controller maintains the indoor temperature.

In this paper we leveraged the randomized control philosophy
espoused in [3, 4, 7, 17] and extended it to also enforce the indi-
viduals cycling QoS constraint. We achieved this by adding local
intelligence that forces a load to revert back to baseline behavior
when it would otherwise cycle excessively because of the command
from the BA.

The three control strategies, MKC-PS, CARC, and MB-RC, are
all able to achieve similar reference tracking results. However, the
CARC design is able to reduce cycling compared to MB-RC and
MKC-PS design at little to no cost in tracking error.

A natural extension for future work is to incorporate a feed-
forward component to the control system, so that errors in baseline
prediction and reference signal generation can be systematically
handled. The current control systems assumes that baseline power
consumption and reference signal are known accurately.

Another path for future work is to propose a mechanism to
preserve the individuals’ privacy. The control architecture requires
measurement of total power consumption of all the ACs taking part.
Here we assumed that each AC sends on/off state information to
the BA at every sampling period (5 minutes). It may be possible to
infer patterns about individuals from this data that individuals may
wish to keep private. A proposal in this direction is to randomly
sample a small percentage of the total population to estimate the
total power consumption [6], which shows good performance.
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